Abstract-In this paper, we present a distributionally robust optimization (DRO) approach for the transmission expansion planning (TEP) problem, considering both long-and short-term uncertainties on the system load and renewable generation. Longterm uncertainty is represented on two interrelated levels. At the first level, as is customary in industry applications, the deep uncertainty faced in economic, political, environmental, and technological development is addressed based on plausible visions of long-term future scenarios (trends), traced by current experts beliefs. Subsequently, uncertainty-related parameters defining the probability distributions of the uncertain factors are partially refined for each long-term scenario, thereby inducing an ambiguity set. Finally, for each long-term scenario and induced ambiguity set, the inherent risk model for the shortterm uncertainty is described by means of conditional probability distributions. The mathematical problem is formulated as a distributionally robust optimization model with numerous longterm scenarios. The resulting infinite-dimension problem is recast as an exact, although very large, finite-deterministic mixedinteger linear programming problem. To circumvent scalability issues, a new column-and-constraint decomposition approach is proposed with an additional Dantzig-Wolfe step for solving the reformulated problem with tighter bounds. Two numerical experiments based on the benchmark IEEE 118-bus system are reported to corroborate the effectiveness of the method.
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I. INTRODUCTION
T RANSMISSION planners have been dealing with deep uncertainties as social and economic transformations, political and environmental issues, and technology disruptions, among others. In this vein, the definition of coherent future scenarios, although possible, remains a challenging task [1] .
The transmission expansion planning (TEP) problem is generally related to strategic policies, as the outcomes of a transmission plan extend far beyond providing a simple leastcost link between the generation and loads. For example, TEP may direct or indirectly shape economic development for covered regions, or even facilitate policies for fostering innovations in various generation technologies. In regard to power sector aspects, the system reliability, operational flexibility, reserves deliverability, and long-run adaptability [2] are key concepts that are significantly affected by the selected transmission system. In this context, policy makers and transmission planners have traditionally relied on expertmade long-run scenarios for the relevant parameters affecting the TEP, such as, load growth and renewable development [3] .
Despite the ability to consider different long-term profiles in traditional approaches, the deterministic "what-if" framework may not be sufficient for addressing all uncertainty levels in modern power systems. For example, the large increase in renewable generation (RG) has introduced new levels of intermittency and unpredictability to electrical systems. These new aspects have motivated a change in numerous paradigms for short-term operation as well as for the planning of transmission networks. In this sense, alternative approaches to the TEP problem under uncertainty have begun to draw attention from planners and researchers.
The most popular approach for decision-making under uncertainty is the so-called two-stage stochastic optimization (TSO), which considers scenarios relying on an a priori definition of uncertainty probability distribution functions (PDFs). However, parameter PDFs are considered difficult to estimate, specially in situations where the system structure and market may experience deep changes. Conversely, adaptive robust optimization (ARO) approaches [4] are agnostic to the parameter PDFs. ARO-TEP problem uncertainties are represented by uncertainty sets, generally defined through box-like limits and budget constraints [5] . Within this setting, the solution to the ARO-TEP problem is that which performs the best under worst-case uncertainty realization. Thus, this framework can consider a wide range of plausible future paths and related uncertainty parameters. Under mild assumptions regarding the uncertainty nature and operational constraints, a tractable ARO-TEP mixed-integer linear programming (MILP) problem may be formulated. However, classical ARO approaches are not specifically designed to exploit existing partial information related to the uncertainty, which may be the case for TEP problems. Moreover, owing to the inherent conservativeness of ARO, expensive worst-case solutions may arise.
The goal of this work is to present a TEP model considering the fact that the true parameter PDFs are difficult to estimate, but partial information regarding the random parameters is available. In this paper, the case of known long-run mean values (first moment) for the net demand probability distribution is specifically addressed. In this setting, it is not possible to use TSO models, and the ARO framework may result in overly conservative solutions. As an alternative, the proposed modeling approach relies on the distributionally robust optimization (DRO) framework, which considers all possible distributions defined within an ambiguity set. DRO concepts were first introduced in [6] , and in recent years, have been developed within a broad mathematical and operations research context, such as [7] , [8] . This framework is based on the worst-case expected total cost instead of the worstcase scenario. Therefore, the optimal solutions are such that the expected cost will not exceed the optimized value for all probability distributions within the ambiguity set, which is the set of considered distributions complying with the available partial information (for example, first moment defining long-term scenarios for the uncertainty factors).
DRO approaches have recently been applied to model uncertainty in power system problems such as congestion line management [9] , economic dispatch [10] , security-constrained optimal power flow [11] , and unit commitment (UC) [12] - [14] . Among the aforementioned applications, the two-stage UC modeling structure most resembles general TEP approaches, with first-stage binary commitment decisions (instead of binary investment decisions) and adaptive secondstage dispatch-decision variables. Regarding the literature on DRO-UC problems, it is relevant to mention that [12] proposed a distributionally robust model for the n − 1 two-stage UC problem under an uncertain wind power supply distribution, with a known mean. A single-level semi-infinite equivalent formulation for the DRO-UC problem was presented and the solution was approximated by a random discretization scheme. The work of [13] minimized the cost of the two-stage UC problem, where a second-stage dispatch policy was approximated by linear decision rules on uncertainty realization. An ambiguity set for uncertain short-term RG was considered, and distributional information was characterized by means of piecewise linear forms. In [14] , an n − k two-stage UC model was proposed, considering an ambiguity set (based on first moment information) for contingency probability distributions.
Despite the fact that a rich body of literature is available focusing on TSO-TEP and ARO-TEP problems, to the best of the authors' knowledge, a DRO-TEP model was only introduced in their recent conference paper [15] . In relation to [15] , this work generalizes the uncertainty framework, presents a novel decomposition algorithm, and presents meaningful, detailed computational experiments emphasizing the modeling benefits regarding existing models and the algorithm performance. Therefore, the objective of this work is to establish an alternative to the current modeling efforts to address robustness in TEP problems under uncertainty, accounting for multiscale partial (incomplete) information regarding the probability distribution of the load and renewable generation, hereinafter also referred to as uncertain parameters. More specifically, for each long-term plausible scenario drawn by experts, an ambiguity set is constructed based on the information of the support and first-moment (expected value) bounds for the probability distribution of the uncertain parameters. The resulting multi-scale DRO-TEP problem is formulated as an infinite-dimension model. In order to solve the problem efficiently, we propose a finite dimensional reformulation and a new decomposition approach based on an enhanced-columnand-constraint-generation (ECCG) algorithm. The proposed ECCG procedure is based on an extension of the column-andconstraint-generation (CCG) algorithm (proposed in [16] and recently applied in [14] ) to consider an additional DantzigWolfe step to improve the approximation of the worst-case expected operational cost function.
In summary, the contributions of this work are as follows:
• A multi-scale (long-and short-term) decision-making under uncertainty robust model. The proposed decisionmaking model allows planners to consider a family of plausible short-term probability distributions that are consistent with long-term scenarios, conceived by experts based on partial information such as averages, ranges, and trends, as is customary in industry practices. • A DRO model for the TEP problem considering the proposed uncertainty model to address load and RG uncertainties. This modeling parameterization allows planners to consider the aforementioned multi-scale uncertainty description, while recognizing that the true probability distribution is unknown and therefore ambiguous. Hence, the proposed DRO-TEP problem ensures that the expected cost will not exceed the optimized value for all probability distributions within the ambiguity set.
• An equivalent finite-dimensional MILP reformulation for the DRO-TEP model as well as a decomposition approach based on a new ECCG algorithm that improves the solution performance. The proposed solution methodology extends the use of the CCG algorithm proposed in [16] for ARO problems and in [13] and [14] for DRO problems to consider an intermediate Dantzig-Wofe step, where tighter approximations for the recourse function are provided accelerating the convergence of the method.
II. UNCERTAINTY MODELING
The proposed uncertainty model recognizes that the load and RG uncertainty can be decomposed into (i) a long-term component, which unfolds along a relatively long-term horizon, such as economic and technological developments, political decisions, and climate oscillations; and (ii) a short-term component, which is characterized by the lack of information regarding the true underlying processes that drive electricity consumption and RG fluctuations on an hourly scale. While the current industry practices use scenarios that are generally drawn by experts (see [1] ) to robustify TEP decisions against the deep uncertainty [17] inherent in the long-term horizon 1 , in the state-of-the-art literature on the subject, the effect of the short-term component is addressed by means of probability distributions (see [15] and the references therein). In this work, we enhance the current industry practice by considering two interrelated types of long-term uncertainty levels: 1) deep uncertainty [17] , relating to the conceptual description of longterm scenarios based on economical, political, technological, social, and environmental features, and system parameters that describe a coherent and plausible future that will unfold in a set of feasible load growth and renewable integration levels; and 2) ambiguity [19] , which relates to the lack of precise knowledge regarding the probability distribution and its parameters for the short-term load and RG random variables.
At the first level, several tools are available for creating future plausible scenarios (see [1] ). For example, experts may shape a plausible future scenario based on a future disruption in technology, and the cost reduction of batteries and renewable energy. In this case, high penetration of distributed generation is expected, and therefore, a reduced system net demand (load minus RG) is estimated. However, the resulting short-term net load probability distribution may change significantly if a high economic development scenario with a lower distributed generation integration takes place. Hence, the second description level of the long-term component of the uncertainty is a range for the expected values and bounds (support) for the net load under each plausible long-term scenario.
The two described long-term scenario descriptions are customary in industry practices for devising robust TEP decisions. Notwithstanding, the novelty proposed in this work relies on the possibility of allowing the decision maker to consider an ambiguity set enhancing the characterization of the longterm component second. This is supported based on the fact that the short-term net load probability distribution cannot be fully specified in advance. Hence, as opposed to the current industry practice, in our proposed model, an ambiguity set comprising all conditional probability distributions complying with the specified support and expected value range defines an enhanced description of the long-term uncertainty component. This additional feature enables the decision maker to robustify decisions against the lack of knowledge regarding the true probability distribution. It is relevant to mention that, in contrast to the state-of-the-art adaptive robust approach [4] , based on the worst-case realization of uncertainties, the proposed model maintain the modeling framework based on the minimization of expected costs. Figure 1 illustrates an example of the total net system demand for two long-term scenarios, each of which define different supports and ranges for the expected values of the net load probability distributions. Conditional ambiguity sets are presented for each of the two depicted long-term scenarios. It should be noted that, although the investment decision should be made under the uncertainty of the two uncertainty components (circle on the root node of Fig. 1 ), real-time operative dispatch decisions are made under far more precise knowledge; that is, following observation of the two components (dots representing a realization of one of the probability distributions in Fig. 1 ). It is important to highlight that the expected cost changes significantly from one long-term scenario to another. Therefore, the uncertainty model proposed in this work aims to account for the deep uncertainty in the unfolding of the longterm scenarios and subsequent lack of precision in the possible distributions that may be faced at the operational level.
In the sequel, a probabilistic description of the uncertain parameters is provided. For the sake of simplicity, the only uncertainty source considered is the net demand, represented by the vector of random parametersξ within the support Ξ ⊂ R d defining the possible net load realizations in each typical hour of the day. We consider a measurable space (S, S), where S is the appropriated sigma-algebra of the sample space S. Within this setting,ξ maps the points from the sample space, S, onto Ξ. The outcomes or realizations ofξ are represented byξ(s) or, in short, ξ ∈ Ξ, wherever convenient. The description of the first level of the long-term component is generally carried out by experts, employing a series of theories and models to devise a set Ω of long-term scenarios, each of which contains coherent descriptions of the aggregated levels of renewable integration and load growth. Thereafter, the second level is implemented, in which the long-term scenarios ω ∈ Ω are associated with a set of trends {S ω } ω∈Ω such that ∪ ω∈Ω S ω = S. Notwithstanding, in order to achieve this in practice, based on their experience and studies, experts define the image of each subset S ω and a range for each conditionalexpected value ofξ. More specifically, the information required to specify the proposed model is a set of compact box-like conditional supports, {Ξ ω } ω∈Ω , and the conditionalexpected value ranges, {[µ ω , µ ω ]} ω∈Ω , forξ. Additionally, we assume that Ξ = ∪ ω∈Ω Ξ ω ,ξ is a measurable function of (S, S), and that conditional-sample spaces, defined based on the inverse image ofξ, i.e., S ω =ξ −1 (Ξ ω ), are measurable sets. Hence, we model each long-term scenario ω as a restricted (conditional) measurable space (S ω ⊂ S, S ω ⊂ S). For example, in Fig. 1 , we consider two long-term scenarios, namely Ω = {H, D}, where ω = H and ω = D represent two possible long-term scenarios: "High economic growth" and "Disruptive RG technology", respectively.
Based on the experts estimates of the conditional supports and expected value ranges forξ, we define an ambiguity set D ω . The ambiguity set D ω is defined as the set of all conditional probability measures (restricted to S ω ) that induce a conditional expected value for the vector of random parameters within the specified range for the long-term scenario ω. Therefore, the ambiguity set D ω is defined as follows:
where P ω represents the set of all probability measures in the measurable space (S ω , S ω ) and E P [ξ S ω ] the conditionalexpected value ofξ under a given probability measure P ∈ P ω . For notation purposes, we denote by
dP the conditional expectation of a given generic function g(ξ) with regard to a measure P ∈ D ω on (S ω , S ω ).
Finally, the probabilistic model devised in this work allows for the definition of probabilities, ρ ω = P(S ω ), based on an unconditional measure with a domain defined in the complete event space S. In this case, the connection between P and the conditional probability measures P ∈ D ω is ensured by the classical formula P (E S ω ) = P(E ∩ S ω ) P(S ω ) for all events E ∈ S ω . Nevertheless, in numerous industry applications, ρ ω is used as a sensitivity weight for the long-term scenarios to devise a multi-objective approach. In this case, the uncertainty model does not require any probability description and will rely solely on the conditional expectation and support bounds specified for each long-term scenario. This approach is investigated further in the case study section.
III. MATHEMATICAL TEP MODEL TEP decisions are represented by a binary vector x, the components of which are associated with 0-1 investment decisions in each candidate line, and a set X defining the feasible investment plans. In cases where the network planner has full knowledge regarding the probability measure, the conditional-expected operational cost for each long-term scenario ω and investment plan x can be represented by a recourse function H P (x, ω). In this context, the planner is willing to identify the optimal transmission capacity expansion plan x * that minimizes the total investment and expected operation costs, under the assumption that P (⋅ S ω ) is the true conditional probability measure for each ω ∈ Ω. In this context, the classical two-stage stochastic TEP approach is generally addressed by variants of the following optimization problem:
During the first stage, optimal transmission expansion decisions x are taken under the uncertainty of the long-and short-term components. During the second stage, following observation of a given scenario ω, short-term decisions are made based on a dispatch model for each possible short-term scenario s ∈ S ω . Thus, the minimal operational cost function g(x,ξ(s)) is computed and if a well described/estimated conditional probability measure P exists, the conditional-expected cost can be calculated as H P (x, ω) = E P [g(x,ξ) S ω ]. The classical compact formulation for the optimal operational cost function g(x, ξ), for a given investment plan x and realization of the net load vector ξ, is expressed as follows:
It should be noted that both parameters appear on the right hand side of the linear optimization problem (3). Hence, g(x, ξ) is a convex function on x and ξ. Finally, it is worth mentioning that matrix B is used to allocate the components of the net load vector ξ among the system buses and periods.
A. Short-term operation model description
The operational model is used to compute the dispatch cost under a given investment plan x ∈ X and observed net load vector ξ ∈ Ξ ω . Hence, regardless of the long-term scenario, the minimal cost dispatch function is defined as
s.t.:
The model is presented in a vectorial format, where for each period t, q t represents the vector with the power output for all generating units; f t comprises the power flow for all transmission lines; θ t represents the nodal phase angles for all buses; and φ LS t and φ RS t represent the load shed and renewable curtailment (spillage) for all buses. The objective function accounts for the generation, load shedding, and renewable spillage costs. Constraint (5) addresses the nodal power balance for all buses during each period. In this constraint, matrix A represents the line-to-bus incidence matrix; B t is a submatrix of B which decouples each component of the vector of random parametersξ into nodal demands during period t; and G is the generator-to-bus incidence matrix. Constraints (6)- (7) address Kirchhoff's Voltage Law and transmission capacity for all buses during each period. Constraints (8)- (10) represent, respectively: the generation ramping limits, the maximum generation capacity, and the load shedding and renewable spillage bounds.
B. Distrubutionally robust TEP model
In order to address the lack of information regarding the true conditional-probability measure P (⋅ S ω ), an ambiguity-averse preference functional is adopted based on the distributionally robust approach [19] . With this approach, the recourse function of each long-term scenario ω is redefined to characterize the ambiguity averseness through metrics. In order to achieve this, the worst-case conditional expected cost among all expectations induced by the probability measures in D ω is used to define the following distributionally robust recourse function:
Accordingly, the DRO-TEP can be defined as an extension of (2) considering the uncertainty model proposed in section II, as follows:
The sup problem in (11) is the classical problem of moments [20] , which can be expressed as the following semiinfinite (with an infinite number of variables -columns) linear optimization problem:
In (13)- (15), α 0ω ∈ R represents the dual variable associated with the sum-one constraint, (14) , while α ω ∈ R d and α ω ∈ R d represent the dual vectors associated with the first-moment lower and upper limits, (15), respectively. Interestingly, problem (13)- (15) can be viewed as the pointwise supremum of a convex function, g(x, ⋅), within the space of all convex combinations provided by the induced PDF ofξ [21] . In this case, if an optimal PDF exists for problem (13)- (15), at least one probability measure within the optimal set is such that only the extreme points of Ξ ω , namely, E ω = {ξ k ω } k∈Kω , have a positive probability mass [22] . For the sake of convenience, we define K ω as the subset of natural numbers used as an index to enumerate the extreme points of Ξ ω . Within this setting, if we define S ω as the smallest sample space required to achieve the support and range constraints of each ambiguity set D ω , and such that for each extreme point in E ω = {ξ k ω } k∈Kω there exists only one singleton subset of S ω associated with its inverse image; that is, {s k } =ξ −1 (ξ k ω ), it follows that P ({s k } k∈Kω S ω ) = 1. In this case, problem (13)- (15) can be recast as a the following finite-linear program (LP) relying solely on the discrete distributions (given by p ∈ R Kω ) ofξ:
As opposed to (13)- (15), the LP in (16)- (18) contains an exponential, albeit finite, number of variables. Moreover, it admits the following dual problem representation:
It should be noted that problem (19) - (20) relies on the optimal value of problem (4)- (10) for each x and the scenarios in E ω . For the convenience of the solution methodology explained in the following section, we can replace the minimum operative-cost function value g(x, ξ 
(23) It can be observed that the resulting set of constraints in (22)- (23) is equivalent to (20) (in the sense of producing the same optimal value for problem (19) - (20)), because i) by optimality, h ⊺ y k ω is bounded from below by g(x, ξ k ω ); and ii) every point that is feasible for (20) is also feasible for the new set of constraints. Thus, (12) can be recast as the following equivalent MILP model:
Model (24)- (27) is an equivalent scenario-based MILP formulation for the DRO-TEP problem (12) . Furthermore, it is relevant to point out that the ARO approach is a particular case of the proposed DRO-TEP (24)-(27). The particularization for the ARO formulation can be achieved by disregarding the moment information; that is, discarding the final two terms (involving α ω and α ω ) in expressions (24) and (26).
IV. SOLUTION METHODOLOGY
In this section we present an ECCG algorithm to solve the proposed DRO-TEP (24)-(27). In order to achieve this, we approach the problem similarly to that in [10] , [14] , [23] . Our ECCG also alternates between a master problem and a subproblem. In each iteration j, the master delivers a trial solution x (j) , based on a relaxed version of (24)- (27) considering only a small subset of constraints K (j) ω ⊂ K ω , each of which associated with scenarios in E (j)
ω ⊂ E ω . Then, an oracle subproblem identifies new scenarios that when added to the master problem cut off the incumbent solution, producing a tighter approximation of the recourse function.
The aforementioned similarities notwithstanding, our column-and-constrain-generation method differs from all previously reported studies on DRO. In previously reported works, only one scenario per iteration is determined by the oracle subproblem, producing loose approximations for the recourse function H DR . Our proposed method guarantees i) pointwise tighter approximations for H DR by means of the identification of up to L scenarios per iteration; and ii) higher lower bounds for the problem (24)- (27), obtained by the selection of up to M out of L scenarios per iteration to strengthen the master problem representation of the recourse function. This leads to the ECCG procedure described below.
1) Initialization: In order to ensure the existence of a probability measure capable of producing an expected value within [µ ω , µ ω ] in the first step of the ECCG algorithm, the set of scenarios E (j) ω is initialized at j = 0 with a dummy scenario ξ
For each iteration j, the master problem solution provides a trial solution x (j) and its optimal objective value at lower bound LB (j) . The master problem is expressed as follows:
where
ω } is the set of indexes that enumerates the set of scenarios E (j)
In order to determine an upper bound U B (j) , we need to assess the true value of the recourse function for all ω ∈ Ω at x (j) ; that is, {H DR (x (j) , ω)} ω∈Ω . In order to achieve this, we need to solve problem (16)- (18) or its dual, (19) - (20), considering the entire set of exponentially many extreme points E ω as scenarios, which would lead to an intractable problem.
3) Inner Dantzig-Wolfe loop (updating set E (j)
We propose the use of a Dantzig-Wolfe procedure (DWP) to determine a tight approximation for the recourse functions.
The aforementioned DWP relies on the following constrained version of problem (13)- (15):
It should be noted that H DR (x (j) , ω) constitutes a local lower bound for the recourse function of each ω ∈ Ω. The DWP aims to determine new columns for (32)-(34) with a positive reduced cost [24] . Thus, we construct our oracle to identify a scenario ξ * ω ∈ Ξ ω with the highest reduced cost, c * ω ; that is,
Not surprisingly, the optimal scenarios identified by problem (35) will be extreme points of the polyhedral support set Ξ ω , as this problem is a maximization of a convex function within a polyhedral set [24] . This fact also corroborates the result that allows us to ignore all non-extreme points in problem (13)- (15) to achieve the equivalent formulation (16)- (18) . Nevertheless, to solve problem (35), we replace function g(x (j) , ξ) with the dual objective function of problem (3), as it provides a tight upper bound under dual feasibility, resulting in the following bilinear mixed integer program:
In ( 
Under this transformation, the bilinear products ξ ⊺ π can be easily linearized by standard linearization procedures, as in [4] , [10] , [18] . At this step of the DWP, a local upper bound for the recourse function of each ω can be calculated based on the following expression:
The proof is as follows: owing to optimality of problem (35),
As the former inequality holds for each scenario, it also holds on average for all probability measures in D ω ; that is,
Completing the proof, it should be noted that, by strong duality (applied to problem (32)-(34)) the right-hand-side of the final inequality precisely meets our local upper, i.e., c * ω +α
, ω)+c * ω . As opposed to [10] , [14] , [23] , which determines one scenario that violates expression (20) for the incumbent master
ω ), in our ECCG approach, the DWP is executed for L steps or until the tolerance criterion is achieved, i.e., c * ω ≤ . Thus, in each step of the intermediate DWP, the optimal scenario ξ * ω identified for each ω ∈ Ω updates the set of scenarios E Finally, the upper bound for the ECCG procedure at iteration j can be evaluated as follows:
If we complete the DWP at iteration j, achieving the tolerance level, it means that
which is equivalent to say that the upper bound U B (j) is -tight.
5) Convergence test for main loop:
the ECCG algorithm stops; else, counter j ← j + 1.
V. COMPUTATIONAL TESTS
This section reports the results from two experiment sets. In the first set of tests in section V-A, the solutions provided by the DRO-TEP model are compared to the solutions of benchmark models, namely ARO-TEP and deterministic TEP (D-TEP), in terms of costs and reliability. In the second test set in section V-B, we compared the computational capabilities of the proposed ECCG algorithm with both the CCG algorithm (applied in [10] , [14] , [23] ) and the full-problem approach used in [15] , for different uncertainty vector dimensions.
The tests are based on a modified version of the IEEE 118-bus system which encompasses 118 buses, 91 loads, 54 generators, 154 existing lines and 32 candidates for transmission expansion. Without any loss of generality, we assume that the net demand (ξ) is the only uncertainty source. In the case tests,ξ = [ξ 1 ,ξ 2 , . . . ,ξ d ] is modeled as the daily net demand, composed of d blocks of hours, within a static TEP study. The uncertain net demand is decoupled into nodal demands by submatrix B t , as per (5). As described in section II,ξ is defined in terms of long-and short-term uncertainty components. For expository purposes, the case studies involve two different and unconnected long-term scenarios, ω 1 and ω 2 . For the sake of reproducibility, detailed data for the test systems can be downloaded from [25] . Tests were run using Gurobi 7.0.2 under JuMP (Julia 0.5) on a Xeon E5-2680 processor at 2.5 GHz and 128 GB of RAM.
A. Modeling comparison
The proposed DRO-TEP model was assessed with the benchmarks ARO-TEP and D-TEP models. Both the ARO-TEP and the D-TEP models can be viewed as a particularization of the DRO-TEP model. In the former, the moment information is disregarded; in the latter, both the support set (Ξ ω ) and range for the moment converge to a single forecast point, herein defined by (µ ω + µ ω ) 2. Thus, the specification for both benchmark models was performed by adapting the ambiguity set information. In this study, the daily net demand was divided into six blocks of 4 hours (d = 6) and the Gurobi optimality gap was set to 0%.
The DRO-TEP model was evaluated for three different combinations of ρ ω1 and ρ ω2 ; ρ ω1 = 100%; ρ ω2 = 100%; and ρ ω1 = ρ ω2 = 50%. Both the ARO-TEP and D-TEP models were evaluated for the case ρ ω1 = ρ ω2 = 50% only. We have used ρ = ρ ω1 ρ ω2 to label each case.
The main outcomes of the case study are summarized in Table I : number of invested lines (column 3), investment costs (column 4), and total costs (column 5), including the investment, operational, and imbalance costs. The solution of the DRO-TEP model for ρ = 100 0 (row 1) is more expensive in terms of investment and total costs than that provided by the DRO-TEP model for ρ = 0 100 (row 2), implying a more challenging long-term scenario ω 1 . The DRO-TEP model for ρ = 50 50 (row 3) required eight new lines at an investment cost of $122, 265. It can be noted that the invested lines for the latter case are not the aggregation of the invested lines for the DRO-TEP models considering a single long-term scenario (the costs for rows 1 and 2 sum to $143,491 and not $122,265). This is, the solution for the DRO-TEP model with ρ = 50 50, which considers both unconnected long-term scenarios ω 1 and ω 2 , is not the union of the optimal solutions for each long-term scenario individually. Interestingly, the solution for the most conservative model, ARO-TEP, is that which encompasses the investments of both DRO-TEP models for ρ = 100 0 and ρ = 0 100. The solution for the D-TEP model (row 5), which focuses on nominal average scenarios, is the least expensive, as expected. Moreover, we assessed the out-of-sample performance of each solution presented in Table I under typically adopted distributions for describing the net demandξ; that is, normal and beta distributions. For the sake of simplicity, we assumed independence among the marginal distributions [ξ 1 , . . . ,ξ t , . . . ,ξ d ] ofξ. In total, four out-of-sample experiments were performed: two for low-variance distributions, and two for high-variance distributions. As low-variance marginal distributions forξ t , we used: i) a normal distribution such that the probability of the event [ξ t ∈ Ξ tw S ω ] is equal to 99%, where Ξ tw is the appropriate projection of Ξ w ; and ii) a symmetrical beta distribution defined in Ξ tw , with parameter 7.5. As high-variance marginal distributions forξ t we used: i) a normal distribution such that the probability of the event [ξ t ∈ Ξ tw S ω ] is equal to 95%; and ii) a symmetrical beta distribution defined in Ξ tw , with parameter 1.5.
Each of the four experiments accounted for 10,000 scenarios; that is, 5,000 simulated days for each ω ∈ Ω. In these experiments, for each individual simulated scenario, we used (4)- (10) to compute the operational and imbalance costs. The results are displayed in Table II , in which for each PDF we present the expected total cost for ω 1 and ω 2 , consisting of the investment cost plus the average operational and imbalance cost, as well as a reliability index (RI), expressed as a frequency. The RI is defined as the maximum among all RI ω , where RI ω is the daily basis probability of experiencing load shedding greater than 0.5%, conditioned to the long-term scenario ω. Despite the fact that the total cost already incorporates a term related to the dispatch infeasibility (imbalance costs), RI represents valuable statistics regarding the robustness of the solutions. The solutions provided by the DRO-TEP models for ρ = 100 0 and ρ = 0 100 (rows 1 and 2) performed effectively, in terms of cost for the single long-term scenarios ω 1 and ω 2 , respectively. The performance for the other long-term scenario resulted in high total cost, particularly for the high-variance distributions, and also in the high frequency of load shedding. The DRO-TEP model for ρ = 50 50 (row 3) achieved a balanced cost outcome for both the long-term scenarios and low values for the RI. It is worth noting that its solution dominated that provided by the ARO-TEP model (row 4) in terms of cost, and achieved similar reliability levels, even for high-variance distributions. The solution for the D-TEP model (row 5) generally performed effectively in terms of cost for the low-variance distributions. However, even for the low-variance distributions, a lack of robustness can be observed in the D-TEP solution (see row 5, column 4). The cost for this model under high-variance distributions resulted in very high costs for long-term scenario ω 1 .
B. Solution methodology comparison for DRO-TEP problem
In this section, we report on the performance of the proposed ECCG algorithm compared to that of the CCG algorithm and to that of the full vertex approach (FVA) [15] . The latter is presented in section III-B, resulting in problem (24)-(27).
As detailed in section IV, the ECCG algorithm can be parameterized in terms of L (maximum iterations of the DantzigWolfe loop), (tolerance for the Dantzig-Wolfe loop), and M (number of scenarios included in the master problem per iteration of the main loop). We varied M from 1 to 5 and, for the sake of simplicity, defined L = 20 and a small = 0.1 for all instances of ECCG. It is relevant to note that the CCG algorithm is a particular case of the ECCG algorithm for M = L = 1. Table III displays the computing times and number of iterations for instances comprising 4 to 12 blocks of hours (d = 4 to 12) for two long-term scenarios. For quick reference, the instances of ECCG are denoted by DDRUC(M ) (we have omitted and L as they were fixed). The Gurobi optimality gap was set to 0.5% for the master problem. The FVA is practical for low-dimensional uncertainty vectors only. The CCG algorithm performance also appears to be limited to low values of d, mainly because it produces upper bounds that are not tight, thereby requiring additional iterations to approximate H DR (x, ω). It can be observed that the performance of the ECCG algorithm dominated the others in these instances, particularly for higher values of d. Optimal results were achieved for higher values of M that required fewer iterations of the master problem. We have not used parallelization schemes across long-term scenarios or warmstarted procedures that could accelerate the ECCG algorithm. Other possibilities for improvement rely on heuristics for both selecting the M scenarios and to withdraw unnecessary scenarios after certain iterations.
VI. CONCLUSIONS
We proposed a new distributionally-robust decision-making model to address long-and short-term uncertainty in TEP problems. Deep (complex and with high impact) long-term uncertainty involving political, social, economic, and environmental factors were accounted for according to current industry's practices, where coherent future scenarios with partial information of the short-term distributions are traced by experts. Then, we proposed the consideration of conditional-ambiguity sets to model the coherence between long-and short-term scenarios within a distributionally robust framework. Finally, we proposed an extension of the CCG algorithm to improve the performance of the method applied to our distributionallyrobust model. Results for the IEEE 118-bus system shows that our method constitutes an interesting alternative to balance between robustness and expected cost. The proposed ECCG method also achieved significant improvements in terms of computational performance when compared to existing methods.
